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* High-level introduction to deep learning (25 min)

 Hands-on exercises (20 min)
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Al, machine learning, and deep learning

“Machine Learning is a subfield of artificial intelligence with the

goal of developing algorithms capable of learning from data
automatically.”

Mehta, et al (2019)
“A high-bias, low-variance introduction to Machine Learning for physicists”

Artificial Intelligence:

Mimicking the intelligence or
behavioural pattern of humans or any
other living entity.

Machine Learning:
A technique by which a computer
can “learn” from data, without
using a complex set of different
rules. This approach is mainly
based on training a model from
datasets.

Deep Learning:
A technique to perform
machine learning
inspired by our brain's
own network of
neurons.
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Al, machine learning, and deep learning

“Machine Learning is a subfield of artificial intelligence with the
goal of developing algorithms capable of learning from data

automatically.”

Mehta, et al (2019)
“A high-bias, low-variance introduction to Machine Learning for physicists”

Artificial Intelligence:

Mimicking the intelligence or
behavioural pattern of humans or any
other living entity.

Machine learning algorithms:

» can improve their accuracy given
more data

* are capable of “teaching
themselves”

 gain knowledge that is not
programmed with an explicit set of
rules

Machine Learning:
A technique by which a computer
can “learn” from data, without

using a complex set of different
rules. This approach is mainly

based on training a model from
datasets.

Deep Learning:
A technique to perform
machine learning
inspired by our brain's
own network of
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Performance

Motivations for deep learning

A

5

Deep neural networks

- Medium neural networks

Shallow neural networks

Traditional machine learning

Amount of data
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Categories of learning problems or paradigms

Examples of algorithms

« Supervised learning (this talk) A/'?I\
- Regression: output variable is continuous @
+ Classification: output variable is discrete @ @ /\5{?&
(categorical) © 006006 A/!\ sssss 6 .
« Unsupervised learning (Corey and Romit’s talk) K e
. Clustering Supervised: decision tree and random forests

https://towardsdatascience.com/from-a-single-decision-tree-to-a-random-forest-b9523be65147

 Association

« Semi-supervised learning
» Mostly unlabeled data 0 .

* Reinforcement learning

Unsupervised: Variational Autoencoder (VAE)
https://towardsdatascience.com/intuitively-understanding-variational-autoencoders-1bfe67eb5daf
6 Argonne Leadership Computing Facility Argonne-)
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Linear regression: ordinary least squares (OLS)

A
Minimizes the Mean Squared Error

(MSE), or quadratic loss:

V=W, + WX

)
2 \ m
§ vertical offset J = i Z (". _ .)2
3 19~y U — Yi — Yi
2 i=1
£ Ay . .
> — :Vz(yS';gf) Closed-form solution exists;
one-step procedure: normal
\ ™ ) equation
w, (intercept) 1
R w, = (X'X) X'y
| x (explanatory variable)
Alternative solutions may be
required or preferred in some
https://sebastianraschka.com/faq/docs/closed-form-vs-gd.html C a S e S
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Neuron (linear regression)

1
Input features X & R™

X1 Prediction (inference)
L9 D> —_— g
1th neuron
Zi’ bz 6 Rnxl *notation varies
w € R
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Forward pass: compute the loss
Given single labeled training example, (x(m), y(m))
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Forward pass: compute the loss
Given single labeled training example, (x(m), y(m))

L9 > —Vg;

/ Quantify error (loss)

LWy, by x™ (M) = (y y<m>)
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Backward pass: compute the derivatives
Given single labeled training example, (x(m), y(m))

L (wi, bi; x™, y ™)

2
(?J — y(m))
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Backward pass: compute the derivatives
Given single labeled training example, (x(m), y(m))
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Backward pass: compute the derivatives
Given single labeled training example, (x(m), y(m>)
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Backward pass: compute the derivatives
Given single labeled training example, (x(m), y(m>)
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Backward pass: compute the derivatives
Given single labeled training example, (x(m), y(m>)

Backpropagation

chain rule

10 Argonne Leadership Computing Facility Argonne-)

AAAAAAAAAAAAAAAAAA




Backward pass: compute the derivatives
Given single labeled training example, (x(m), y(m>)

0L

azi
02 02 0z
Backpropagation 5, — 5. o,
chain rule 0L _ 02 0z

10 Argonne Leadership Computing Facility

AAAAAAAAAAAAAAAAAA



Backward pass: compute the derivatives
Given single labeled training example, (x(m), y(m>)

-—
0L
D).
< 0.8
5, 2(z — )
0L 0L 0 ’L
Backpropagation 5, — 9. 9b, 0% _ 1
- 0% 0% 0m

chain rule — 5
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Training neuron weights with gradient descent

Let § = {w,, b;} trainable parameters

Cost: average loss over training examples

1 m
J(O) = —  ZL0:x™) ™)
1=1

e Initialize # randomly

e For N epochs

— For each batch of training examples {(xo.40)..... (. yp) }:

. e avadiant. 2J0) 1 N aJ'(8)
* compute loss gradient: —= = %) ._ | —5;

¥ update # with update rule:

0:=60— 'I/U'(.])(HH)
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Training neuron weights with gradient descent

Let = {w;, b; } trainable parameters

Cost: average loss over training examples

1 m
J(O) = —  ZL0:x™) ™)
1=1

0=0—n-VyJ(0)

1 = learning rate

e Initialize 6 randomly
e For N epochs

— For each batch of training examples

« aradiant. 2J0) _ N aJ'(8)
* compute loss gradient: ——= = 5> .| —
¥ update # with update rule:

o —9J(0)

0 :=0—n—;

{ (.l'(). o | AT (.l'[,. U ) }:
B
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Global vs. local minima

global _—

optimum w1

http://irsttimeprogrammer.blogspot.com/2014/09/multivariable-eradient-descent.html
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OLS solved with gradient descent

ANN Regression on 1D MPG Data

50

40}

30

MPG

20

10

t=0

0—2 -1 0 1 2
Weight (Normalized)

http://www.briandolhansky.com/blog/artificial-neural-networks-linear-regression-part- 1
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OLS solved with gradient descent

ANN Regression on 1D MPG Data
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t=0

0—2 -1 0 1 2
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Neuron (generally)

L]
\
L9 >
X —
3
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Neuron (generally)

L]
\
Lo > — Q; = O-(Zz) — ?g
1
T3 — 72 = T

= sigmoid = logistic function

14  Argonne Leadership Computing Facility Argonneo

AAAAAAAAAAAAAAAAAA



Neuron (generally)

L1
\
Lo > — Q; = O-(Zz) — ?;
1
T3 — 72 = T

= sigmoid = logistic function

Binary cross-entropy loss function:

ZL(¥,y) = — (ylog(y) + (1 — y) log(1l — 7))
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Neuron (generally)

L]
\
Lo > — Q; = O-(Zz) — ?;
1
T3 — 72 = T

= sigmoid = logistic function

Binary cross-entropy loss function:

ZL(¥,y) = — (ylog(y) + (1 — y) log(1l — 7))
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Nonlinear activation functions

Perceptron Sigmoid Tanh
| 1 _/_
0 1 0 _
O(z) :
q! ] ! 1+e~*
-5 0 5 -5 0 5 -5 0 5
RelLU Leaky RelLU ELU
6 , 6 y , 6 — ,
4] max(0, z) 4_0,1zjfz§0 4l e —1if 2 <0
-5 0 5 -5 0 5 -5 0 5

FIG. 36 Possible non-linear activation functions for neurons. In modern DNNs, it has become common to use non-linear
functions that do not saturate for large inputs (bottom row) rather than saturating functions (top row).
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Deep neural network (DNN)

Input Data

Layer 1 Layer N

Hidden Layer

https://towardsdatascience.com/a-laymans-guide-to-deep-neural-networks-ddcea24847fb

e DUEh
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Deep neural network (DNN)

Input Data

Layer 1 Layer N

“deep” = N >1 —

Hidden Layer

https://towardsdatascience.com/a-laymans-guide-to-deep-neural-networks-ddcea24847fb

e DIinpuk
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Deep neural network (DNN)

Input Data

Layer 1 Layer N

“deep” = N >1 “——

Hidden Layer

https://towardsdatascience.com/a-laymans-guide-to-dee

p-neural-networks-ddcea24847fb

e Output
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Deep neural network (DNN)

Input Data e Output

Output Layer

AU v 7AUN= Rt xn

[l —1]

Layer 1 Layer N

“deep” = N >1 —

Hidden Layer

https://towardsdatascience.com/a-laymans-guide-to-deep-neural-networks-ddcea24847fb
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Vectorized notation: pass m examples at once

Start with horizontally-stacked input

nxm
vectors X € R

o oy =

_g._ o o O o)

Q Q o o

§ 5 E E =

w n (0)) p) (c/)u
x% x% xi’ xl x’ln — Feature-1
x; X% xg x;l xzm Feature-2

1 4 m
x3 Xé xg .'X,'3 x3 Feature-3
xi a2 a2 xt .. .. xm Feature-n
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Vectorized notation: pass m examples at once

Start with horizontally-stacked input

nXm

vectors X € R
— o\ ™ <t &
io)_ Q@ o o [
o o o a
2N - :
wn n (p) ()] C(/‘S
1 m
X1 x% xi’ X1 X1
1 4 m
X x% xg X5 Xy
1 2 4 m
X3 | X3 xg X3 X3
xi lx2 13 xt xn
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Vectorized notation: pass m examples at once

Start with horizontally-stacked input

vectors X € R"*™

Ty £ Vectorized forward propagation
? e g U — il glt=1] 4 gl
_x% x% Xi’ x‘ll ...... x’ln —> Feature-1

x; x% xg x;l ...... Xy Feature-2

xé x% xg xg ...... xg” Feature-3

xi a2 Xt . . xn Feature-n
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Vectorized notation: pass m examples at once

Start with horizontally-stacked input

nXm

vectors X € R
™ \ ™ < -
L o 0 D o
o o o a
= E £ & -
wn (0)) (p) (p] 8
1 2 4 m
xp | % xi’ X{  eer e X1
1 2 4 m
nlg 6 B . . Xl
1 2 4 m
gla o oA . . Xl
xe |32 x> xb .. .. X
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Vectorized notation: pass m examples at once

Start with horizontally-stacked input

vectors X € R"*™
oo ooy c Vectorized forward propagation
e IR A = g (20)
x; x% xg x;l ...... xzm Feature-2
x; x% xg xg ...... xg” Feature-3 l l [ l ]
7zl Al ¢ pn xm

Y,

xi a2 Xt . . xn Feature-n
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“Layer-by-layer” gradient descent through backpropagation

Hidden layer(s)

Output layer

Difference’n
esired values

'...
ol
Backprop outputTa/yer
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SM MICROARCHITECTURE

'SM )

Shared L1 1$

4 Independently
Scheduled Sub-Cores

Shared MIO
(TEX/L1S/SMEM)

v
L2$

) Eviia

PASCAL TURING TENSOR CORES TURING TENSOR CORES TURING TENSOR CORES
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Shared MIO
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Convolutional layer

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume
x[:,2,0] wO[:,:,0 WL e, 2,0] o[:,:,0]
0 [[o 0 0 00 1o o} i Ei 33
g0 offofo]r o 2 o 0 [[o 1 0 -10 3 |7 |3
= VAN Ot jo|2 o 1 0O 1J|-1||1 0 -1 1 8 10 -3
S— DN 1N [OF 23 28 [ON 1D wO[:,:,1 wl[:,:,1) of:,:,1]
02 00 2 0 0 -10 -1 0 0 -8 -8 3
’ OB 23 i 23 B 0 1)1 1 -1 0 31 0
: : ot Jfo 1 .10 3 -8 -5
0 0 0 0 0
’ [ B WwO[ 2,772 wi[:,:,2]
7 3,1)
0 010 o 1 -1 -1
FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING i \FLATTEN CONNECTED SOFTMAX 1 1n =t 1 o 0 -1 -1
" L . ,2/1-1‘2 > 7|10 10 0
FEATURE LEARNING CLASSIFICATION 0 0 2 1 Bias ba(1x1x1) Bias bl (Ix1x1)
ON 1N 128 12728 123 10 bf:,:,0] bl[:,:,0]
00 12 1 0
0 0 0 0
$,2,2]) | toggle movement |
0

ON'—O-—\{Q

o © o O
ONO—O—F
S = N O
(— T - T (=]
S = © © © O\C
o © O © © o O
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Convolutional layer

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume
x[:,2,0] wO[:,:,0 WL e, 2,0] o[:,:,0]
0 [[o 0 0 00 1o o} i Ei 33
g0 offofo]r o 2 o 0 [[o 1 0 -10 3 |7 |3
= VAN Ot jo|2 o 1 0O 1J|-1||1 0 -1 1 8 10 -3
S— DN 1N [OF 23 28 [ON 1D wO[:,:,1 wl[:,:,1) of:,:,1]
02 00 2 0 0 -10 -1 0 0 -8 -8 3
’ OB 23 i 23 B 0 1)1 1 -1 0 31 0
: : ot Jfo 1 .10 3 -8 -5
0 0 0 0 0
’ [ B WwO[ 2,772 wi[:,:,2]
7 3,1)
0 010 o 1 -1 -1
FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING i \FLATTEN CONNECTED SOFTMAX 1 1n =t 1 o 0 -1 -1
" L . ,2/1-1‘2 > 7|10 10 0
FEATURE LEARNING CLASSIFICATION 0 0 2 1 Bias ba(1x1x1) Bias bl (Ix1x1)
ON 1N 128 12728 123 10 bf:,:,0] bl[:,:,0]
00 12 1 0
0 0 0 0
$,2,2]) | toggle movement |
0

ON'—O-—\{Q

o © o O
ONO—O—F
S = N O
(— T - T (=]
S = © © © O\C
o © O © © o O
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Convolutional neural network: VGG-16

(¢

¥

224 x 224 x 3
®

¥

3x3 2D Convolution
224 x 224 x 64

3x3 2D Convolution
224 x 224 x 64

2D Max Pooling

112 x 112 x 64

37

3x3 2D Convolution
112x112x 128

3x3 2D Convolution
112 x 112 x 128

2D Max Pooling

56 x 56 x 128
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¥

3x3 2D Convolution
56 x 56 x 256

3x3 2D Convolution
56 x 56 x 256

3x3 2D Convolution
56 x 56 x 256

2D Max Pooling

28 x 28 x 256

1=

¥

3x3 2D Convolution

28 x 28 x 512

3x3 2D Convolution
28 x 28 x 512

3x3 2D Convolution
28 x 28 x 512

2D Max Pooling

14 x 14 x 512

https://peltarion.com/

3x3 2D Convolution
14 x 14 x 512

3x3 2D Convolution
14 x 14 x 512

3x3 2D Convolution
14 x 14 x 512

2D Max Pooling

7x7x512

¥

Flatten
25088

Dense
4096

Dropout
4096

Dense

4096

Dropout
4096

Dense
1000

CAR
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Revolution of Depth 282
[ 152 layers ] .

\ 16.4

\ 11.7
22 layers 19 layers

\ 6.7 7.3
&i I____I 8 layers H 8 layers ]

ILSVRC'15 ILSVRC'14  ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

Kaiming He’s ICML 2016 Tutorial
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https://www.microsoft.com/en-us/research/blog/turing-nlg-a-17-billion-parameter-language-model-by-microsoft/
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Revolution of size

* GPT-3
June 2020

T-NLG
17.5b 17b e °
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Software frameworks

(32,1,3,3)

(32)

| MKldnnConvolutionBackward |

TensorFlow

Keras

A
ReluBackward0

(64,32,3,3) (64)

MkldnnConvolutionBackward |

ReluBackward0 I

| MaxPool2DWithIndicesBackward |

MulBackward0 (128,9216)

(128)

I ViewBackward I | TBackward |

PyTorch

-

AddmmBackward

?!
ReluBackward0 (10, 128)
4

(10)

| MulBackwardo | | TBackward |

https://github.com/pytorch/examples/blob/master/mnist/main.py
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AddmmBackward

?V
LogSoftmaxBackward
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Hands-on resources

Google Colaboratory

O
@] A
https://colab.research.google.com/
jupyter

S’

Tutorial Notebooks

https://github.com/argonne-Icf/ATPESC_Machinelearning/
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Thank you!
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